Background: Genome-wide association studies (GWAS) have successfully identified genes associated with complex human diseases. Although much of the heritability remains unexplained, combining single nucleotide polymorphism (SNP) genotypes from multiple studies for meta-analysis will increase the statistical power to identify new disease-associated variants. Meta-analysis requires same allele definition (nomenclature) and genome build among individual studies. Similarly, imputation, commonly-used prior to meta-analysis, requires the same consistency. However, the genotypes from various GWAS are generated using different genotyping platforms, arrays or SNP-calling approaches, resulting in use of different genome builds and allele definitions. Incorrect assumptions of identical allele definition among combined GWAS lead to a large portion of discarded genotypes or incorrect association findings. There is no published tool that predicts and converts among all major allele definitions. Results: In this study, we have developed a tool, GACT, which stands for Genome build and Allele definition Conversion Tool, that predicts and inter-converts between any of the common SNP allele definitions and between the major genome builds. In addition, we assessed several factors that may affect imputation quality, and our results indicated that inclusion of singletons in the reference had detrimental effects while ambiguous SNPs had no measurable effect. Unexpectedly, exclusion of genotypes with missing rate > 0.001 (40% of study SNPs) showed no significant decrease of imputation quality (even significantly higher when compared to the imputation with singletons in the reference), especially for rare SNPs.
Background
Genome-wide association studies (GWASs) and nextgeneration deep sequencing studies have successfully identified genes associated with human diseases and traits, yet they suggest that the identified variants cumulatively explain a small percentage of the estimated inherited risk to develop these diseases. Combining samples from multiple GWASs or deep sequencing datasets of the same phenotype for large-scale meta-analyses will increase the statistical power to identify new or rare associated variants [1] , particularly for complex traits where the disease variants may have moderate effect sizes, which may account for some of the missing heritability [2] . However, the raw single nucleotide polymorphism (SNP) genotype datasets might have been generated using different genotyping or sequencing platforms, array types [3] or SNP calling procedures, resulting in the use of different genome builds or allele definitions (nomenclatures). Thus, combining multiple GWASs or deep sequencing studies (e.g. the 1000 Genomes Project [4] ) requires conversions of inconsistent allele definitions and genome builds between the datasets, as demonstrated in a large number of NHGRI (www. genome.gov) GWAS meta-analyses [1] . Likewise, imputation, one of the commonly-used approaches to predict the genotypes for un-assayed loci, requires the same consistency between the study and reference datasets, for example, imputation has been applied to almost half of the GWASs [1] in the NHGRI GWAS Catalog.
Four common nomenclatures exist for reporting biallelic SNPs, including: probe/target or A/B, Plus (+)/Minus (−), TOP/BOT, and Forward/Reverse [5] . The genotype data from different studies are often not consistent or matched for genome builds or allele definitions, and thus, genotype and build conversions are required if an investigator combines multiple GWASs or imputes a reference dataset (e.g., the 1000 Genome data) into a study GWAS. For example, different genome builds, primarily build 36 (b36) and b37, and various allele definitions were adopted in the 15,541 NHGRI GWAS Catalog datasets. The solutions that disregard mismatched SNPs, i.e., direct allele-flipping or removal of mismatches [6] , will lead to undesirable consequences. For example, allele-flip (i.e., from A1 to A2 and vice versa) ignores the allele frequencies of study population and may make the downstream analyses of the flipped SNPs irrelevant to the sample population; and genotype removal may significantly lower the SNP density of relevant regions. Thus, the build of the human genome that was used to call the study SNPs (or true-genotypes) and the allele definition have to be determined and converted where necessary prior to imputation and meta-analysis.
To our knowledge, there is no available tool that simultaneously predicts and converts human genome builds and allele definitions. The existing tools either convert between selected allele definitions alone (such as GenGen (www.openbioinformatics.org/gengen) where the Plus (+)/Minus (−) definition is not included) or between genome builds alone (such as the UCSC Genome Browser LiftOver (genome.ucsc.edu/cgi-bin/hgLiftOver)). In this study, we have developed a new and powerful genotype conversion tool, GACT, which stands for Genome build and Allele definition Conversion Tool, to aid in imputation, meta-analysis or both (Figure 1 ). GACT ( Figure 2 ) directly inter-converts among any of the four allele definitions and between the b36 and b37 genome builds. Since investigators who use datasets from existing GWAS repositories, such as the dbGaP, may not immediately know what allele definitions were used to call the SNPs, we built an artificial neural network (ANN) within GACT to predict the allele definitions. For next-generation sequencing (NGS) projects, since the sequence reads are aligned and mapped to the human reference genome, which is often in the Plus (+)/Minus (−) definition, the SNP genotypes will be of the same one definition. GACT can convert and match the SNP data from genotyping arrays to NGS data (SNP calls) for data merge and meta-analyses. Our example conversions from A/B definition b36 to Plus/Minus definition b37 consistently yielded high matches with the phased 1000 Genomes genotypes (Table 1) , demonstrating the accuracy of our tool for converting the genome builds and allele definitions. GACT can be used as a powerful command line application as well as a user-friendly interactive web tool.
Imputation is often desirable before combining multiple genotype datasets from different recourses for metaanalysis. Our imputation analysis revealed higher quality for imputed SNPs when GACT was used, compared to when mismatched SNPs were excluded (Additional file 1: Table S1 ). While GACT aims to convert between allele definitions and maximize the number of correctly matched alleles to a reference, there are many other factors that can affect imputation quality. Hence, we measured the effects of selected variant types (such as singletons (i.e. SNPs with only one copy of the minor allele among all samples), monomorphic SNPs, and ambiguous SNPs) and GWAS quality control procedures (such as genotype missing rate) on imputation quality. We found that the exclusion of singletons and monomorphic SNPs from the reference improved imputation quality of rare SNPs with minor allele frequency (MAF) < 0.005 (the mean quality score increased from 0.52 to 0.57, which was the highest increase across all MAF ranges) but had no effect on SNPs with MAF > 0.005 (the mean score remained 0.91). The ambiguous SNPs had no measurable effect on imputation, while imputation quality decreased as the genotype missing thresholds became more conservative. Surprisingly, for imputed common SNPs (MAF > 0.1), the decrease in imputation quality started to emerge under very stringent genotype missing thresholds (0.004-0.001, instead of the commonly-used 0.05); by comparison, the imputation of relatively rare SNPs (MAF < 0.1) was even more robust, the decrease was not significant until the missing threshold reached a more stringent threshold of 0.0005 (corresponding to removal of 61.4% of the genotypes). Moreover, the physical locations of the SNPs that were excluded under these missing thresholds were distributed uniformly across the chromosomes. Our analyses provide novel insight into imputation insensitivity to genotype missingness, particularly for rare SNPs.
Implementation
Subjects and genotype data A cohort of 3,096 subjects of Ashkenazi Jewish ethnicity were genotyped using the Illumina Human Omni 1 Quad arrays. The GWAS genotype data were obtained through the NIH dbGaP [phs000448].
GACT pipeline
GACT was designed for matching allele definitions between the study GWAS and reference data before imputation or merging multiple genome-wide genotype datasets before meta-analysis, where the genotypes were generated from SNP-arrays or deep-sequencing platforms (Figure 1) . Figure 2 shows the study design and GACT pipeline, which can be directly connected to other commonly-used methods, including genotype phasing of GWAS (or deep sequencing) data, imputation, data merging, and metaanalysis ( Figure 1 ). The proper execution in command line of GACT requires PLINK [7] , GenGen, and the genotyping array annotation files in the same directory, which can be downloaded from our website. The command line follows this syntax (example): ./gact b36 b37 ab plus o1qd map_file_name. The arguments represent the current genome build (b36), desired genome build (b37), current allele definition (ab), desired allele definition (plus), annotation Figure 1 Study design and GACT functionality. The left side of the figure indicates that microarray data can be used to call SNPs in any of the four listed SNP definitions. Often, when genotypes are obtained from public repositories (e.g. dbGaP), allele definitions may not be immediately known to investigators. GACT will predict allele definition and genome build, and convert to any new definitions or builds. Since the SNP definition in the NGS data is determined during alignment to the human reference genome (Plus is a commonly-used definition), the SNP alleles from genotyping microarrays can be converted and matched to those from NGS. After GACT's conversion, imputation, meta-analysis and (or) other analyses may be carried out using the commonly-used tools such as GWAMA, METAL, PLINK, and IMPUTE2. , percentages of matched genotypes after excluding the NAR genotype counts. Both the "GWAS" (the 3,096 Ashkenazi Jewish samples) and "1000 Genome" columns show the example alleles in the A1/A2 order. The "Type" column indicates the changes required to match the study SNP to the reference. The last three columns refer to numbers of genotype mismatches on chromosome 1 (80,173 SNPs in total). The "Fwd-Plus" and "Top-Plus" columns show the numbers of genotype mismatches between the "Fwd" and "Top" definitions of our GWAS data (we first generated two versions of the same GWAS data: "Fwd" and "Top") and the "Plus" definition of the 1000 Genome data, respectively, while the "Plus" column refers to the numbers after we converted the GWAS data to "Plus" using GACT. The last row shows the numbers (percentages) of correct genotype matches (e.g., "T/C" and "T/C") between the GWAS and 1000 Genome data, where the (%) and (%) † represent the percentages measured by including and excluding the SNPs (NAR) unique to our GWAS data, respectively. Similar ratios were observed in other chromosomes. file of SNP genotyping array (o1qd = Human Omni 1 Quad Duo), and input map file name, respectively. The input file should be in the same format as the PLINK binary map file, containing chromosome location and reference alleles of each SNP. The web version accesses the same command line options on the server-end after user uploads the input file, a PLINK format map file, and chooses the preferred options on the web interface. Moreover, the web tool allows the user to view in real time a log of every step in the conversion process. The command line has no pre-defined limit on the input file size while the web tool has a limit of 40 megabytes (MB), which is sufficient for most SNP arrays (e.g., the entire map file of the Illumina Human Omni 1 Quad array is < 30 MB).
To build the allele definition prediction model, the 1000 Genomes data (2,046,145 SNPs on chromosome 1), dbSNP data (51,864 SNPs on chromosome 1), and our GWAS data (964,554 SNPs on chromosome 1) were used to extract the allele properties of the Plus (+)/Minus (−), Forward/Reverse, and TOP/BOT definitions, respectively (our findings were consistent across all chromosomes). The three genotypes (CT, TC, and GA, Figure 3 ) that showed the largest amount of differential enrichment among the allele definitions were used as the inputs for a feed-forward, back propagation, ANN with 3 input neurons, 2 hidden layers, and 1 output neuron. This ANN was trained using 10 random samples of various sizes (from 1,000 to 2,000,000 SNPs) from each of the three genotype sources. The ai4r ruby gem (ai4r.org) was used to implement the ANN. Similarly, the coordinates of selected common SNPs in both b36 and b37 datasets were used as the references to predict genome builds.
We assessed the quality of implementing our tool to the GWAS data by counting the number of allele matches between the study data and 1000 Genomes Project data using SHAPEIT [8] . GACT was written using a set of Python, Ruby, Hypertext Preprocessor (PHP), and bash scripts. More details and frequently asked questions are available on our website.
Imputation quality assessment
The GWAS genotype data of the 3,096 Ashkenazi Jewish samples was in b36 genome build and A/B allele definition. GACT was used to convert the allele definition and genome build to the b37 and PLUS allele to keep them consistent with the 1000 Genomes panel. The genotype match rates between the study and reference datasets and imputation quality scores were used as primary measurements to assess conversion quality of GACT. After converting the genome builds and allele definitions in the map files using GACT, we recoded all the genotypes of the GWAS data using PLINK. The genotype phasing and imputation were carried out using SHAPEIT and Impute2 [9] , respectively. The latest phased 1000 Genomes genotypes of the European population (Phase 1 integrated release version 3) were used as the imputation reference. Imputation quality was assessed using the Impute2 information scores of the reference SNPs. The scores (equivalent to the r-squared metric reported by MaCH [10] and BEAGLE [11] ) vary between 0 and 1, where values closer to 1 represent imputation with high certainty. The mean and standard deviation of these scores were used as measures of overall imputation quality of SNPs at specific MAF ranges. To compare the imputation quality between The data were generated for the Plus/Minus, Forward/ Reverse, A/B, and TOP/BOT definitions based on the 1000 Genomes, dbSNP, and our GWAS datasets for the last two, respectively. The prediction model of allele definitions was trained using these distributions.
different MAFs, we used the Welch two sample t-test. All the statistical analyses and graphs were generated using the latest version of R (version 3.0.2), and the imputations were conducted using the multi-core cluster at the Vermont Advanced Computing Center.
Results

GACT prediction of genome build and allele definition
We measured the frequencies of all 16 possible genotype patterns under three allele definitions, including Plus (+)/Minus (−), Forward/Reverse, and TOP/BOT (the A/B or probe/target definition is differently coded). The distributions ( Figure 3) were clearly distinguishable, and thus used to predict all the four designations. We observed the enrichment of two patterns A/G and G/A, two patterns A/G and C/T, and four patterns A/G, G/A, C/T and T/C for TOP/BOT, Forward/Reverse, and Plus/Minus, respectively. The prediction model matches relative ratios of the input genotypes to the expected ratios in each definition by measuring the proportions of CT, TC and GA alleles present. These three values acted as the input neurons into a multilayer perceptron that classified the input map file into one of the four SNP definitions (Additional file 2: Figure S1 ). Thus, for users who have no knowledge about the allele definitions and (or) genome build, GACT will first notify the user of the predicted definition and build of the input SNPs prior to actual conversion. The prediction module is particularly useful when the datasets are obtained from public genotype repositories, such as the dbGaP.
GACT conversion of genome build and allele definition
GACT has been demonstrated to identify and clean all the convertible allele mismatches. Table 1 shows the amounts of genotypes that should be discarded if we incorrectly assumed versus correctly converted the allele definitions between our GWAS data and the 1000 Genome data (Plus/Minus) during imputation. For instance, if we incorrectly converted our GWAS genotypes to the "Forward/Reverse" or "TOP/BOT" definition, and imputed with the 1000 Genome data, we had to discard 21.7% and 51.5% of the genotypes, respectively, due to mismatch. By comparison, if we correctly converted our genotypes to "Plus/Minus" by using GACT, only 7% needed to be discarded across all the chromosomes (Table 1) . Moreover, since 3,344 SNPs existed in our data but not in the reference, when only the SNPs that existed in both datasets were used in the calculation, the discarded genotypes only accounted for 3.3%, which was significantly lower than commonly-observed mismatch rates in the literature. The reasons for the 3.3% mismatches are described in the discussion.
As expected, the imputation quality decreased when the mismatch rate increased (Additional file 1: Table S1), which was primarily due to the decrease of SNP density in the study data. Figure 4 clearly shows evidence of a significant increase in the SNP density (P = 3.2 × 10 −144 based on 2-sided paired t-test) of the study data across the entire chromosome. Likewise, the imputation quality (information scores) consistently increased by 1% across all MAFs after we converted the genome build and allele definition of our GWAS data from the Forward/Reverse definition (to the Plus/Minus definition) using GACT (Additional file 1: Table S1 ). However, it should be noted that the improvement would be much higher if we converted the TOP/BOT definition (to the Plus/Minus definition) since without conversions (Table 1 ) the mismatch rate between the TOP/BOT and Plus/Minus definitions was larger than that between the Forward/Reverse and Plus/Minus definitions.
Imputation quality
We measured the effects of multiple SNP types and GWAS quality control procedures on imputation quality (i.e., using the information scores). The results (Table 2) showed that the imputation quality increased from 0.52 to 0.57 for the variants with 0.001 < MAF < 0.005 when both the monomorphic variants and singletons were removed from the reference panel, however, no significant change was observed for more common variants with MAF > 0.005. When both of the ambiguous and singleton SNPs were removed from the study data (prior to phasing and imputation), the imputation quality showed no significant changes, which was consistent with previous studies [12] .
Our results further showed that there was no noticeable effect on the imputation quality when the SNPs with genotype missing rate > 0.01 (667 SNPs) or 0.03 (939 SNPs) were excluded, regardless of the decrease of SNP density, when compared to the commonly-used genotype missing rate threshold of 0.05. This might be partially due to the fact that the assayed SNPs were of high quality, indicated by low genotype missing rates. For instance, the mean genotype missing rate was < 0.005 across all the SNPs with 0.001 < MAF < 0.5 on chromosome 1 (Additional file 3: Figure S2 and Additional file 4: Figure S3 ). We repeated the imputation procedures under new missing rate thresholds and measured their effects on imputation quality ( Figure 5 ). The new thresholds included 0.004, 0.002, 0.001, and 0.0005, corresponding to the removals of 10,279 (13.8%), 17,785 (23.8%), 29,307 (39.3%), and 45,856 (61.4%) SNPs, respectively. Table 2 and Figure 5 show the comparisons of imputation quality measurements at the four missing thresholds across six different MAF ranges. As the missing threshold became more conservative (i.e. < 0.05), we observed a decrease in imputation quality where the higher MAFs exhibited more sensitivity to less stringent thresholds. For instance, the decrease emerged for the most common SNP group (0.1 < MAF < 0.5) at the missing threshold of 0.004, for the SNP group with 0.05 < MAF < 0.5 at the threshold of 0.002, and for the group containing rare SNPs (0.001 < MAF < 0.5) at the threshold of 0.0005. Surprisingly, we found that imputation of the rarest SNPs into genotyped genome regions tolerated very low SNP density (up to 39.3% lower when the missing threshold was 0.001) as long as the genotypes were of high quality (i.e. low missing rate). Moreover, exclusion of the SNPs with missing rate > 0.001 did not worsen imputation compared to the scenario where singletons were included in the reference (missing threshold = 0.05), particularly for SNPs with 0.001 < MAF < 0.005 (Additional file 5: Figure S4) . Importantly, the locations of excluded SNPs (under the most conservative threshold) were distributed uniformly across the chromosome (Figure 6 ), indicating that the changes in imputation quality are very likely due to global, rather than local, changes in the SNP density of the genotype scaffold.
Discussion
Both genome builds and allele definitions should be well-matched before combing or imputing one genotype data with another. In this study, we have developed a new, powerful, and user-friendly tool that can predict, and convert the genome builds and allele definitions simultaneously between multiple GWAS or deep sequencing genotype datasets for meta-analyses, imputations or both. Our GWAS data demonstrated the accuracy of predictions and performance of conversions. Our further imputations showed that the inclusion of singletons in the reference panel significantly decreased imputation quality. However, the exclusion of SNPs with missing rate > 0.001 led to comparably high imputation quality with the commonly-used threshold of 0.05 for rare SNPs (Table 2 and Figure 5 and Additional file 6: Figure S5 ), which implied that approximately 600,000 well-typed SNPs were likely to be sufficient for high quality genome-wide imputation of rare SNPs in our GWAS data.
GACT pipeline
GACT achieved as low as 3.3% discarded genotypes (Table 1) , which was significantly lower than commonlyobserved mismatch rates. It should be noted that we always observe genotype mismatches in real datasets, particularly when one dataset is from microarray-based study and the other is from deep-sequencing-based study, like the case in Table 1 . This is likely to be attributed to various factors, such as different experimental protocols, genotyping error rates, and disease statuses of research subjects. Interestingly, the genotype mismatch Comparison of SNP density plots before ("Top" allele definition; black line) and after ("Plus" allele definition; red line) GACT conversion. The SNP density was measured per 500,000 bp window. It is clear that the SNP count (or density) increase after GACT converts all the mismatched loci, e.g., from 61.05 (median) to 117 SNPs per window. Moreover, it is evident that the increase is not biased with regard to physical location, which indicates that the allele definition mismatches are uniformly distributed across the chromosome. The dotted horizontal lines represent the median of values of each line matched by color. The median, instead of mean, was used since the former was less vulnerable to outliers (e.g. zero counts in the centromere region). The "Forward/Reverse" allele definition showed a similar distribution of mismatches with the 1000 Genomes, however, only the "TOP" definition is shown due to its higher level of mismatches (51.5% mismatches in "TOP" versus 21.7% mismatch in "Forward"). Other chromosomes showed similar patterns, and thus only the results of chromosome 1 are shown. The quality (information) scores were generated using IMPUTE2. The mean/average and standard deviation are shown outside and inside the brackets, respectively. We observed a high correlation between the imputed and study (true) genotypes, which incremented from low to high MAF ranges.
rates between different platforms are not significantly higher than those within same platforms. For instance, a recent study [13] showed 0.6-1.6% genotype mismatch rate within two deep-sequencing studies (Li et al's data and the 1000 Genomes); by comparison, the 3.3% mismatch rate between two different platforms/samples is reasonably low. All these results demonstrated that it is required to correctly convert allele definitions prior to imputation or meta-analysis. Table 3 shows the comparisons GACT with some of the existing tools that also include genome build and (or) allele definition conversion functions, including GWAMA [14] , GenGen, METAL [15] , and PLINK. The strengths of our tool include that it 1) can be easily connected to other commonly-used GWAS approaches ( Figure 1) ; 2) can convert between any of the four commonly-used SNP allele definitions; 3) provides both the powerful command-line software and user-friendly web interface, where the latter can be easily used by biologists (no informatics training required except access to the internet); 4) can accurately predict allele definitions (and genome builds), which is particularly useful for investigators who use GWAS data from the dbGaP or other publicly available database; and 5) is computationally efficient, e.g., a typical conversion can be completed in a few seconds. In addition, the microarray-specific SNP definition information is used in GACT to flip the alleles and strands. Because it can convert data prior to association testing, meta-analysis and imputation, GACT complements existing tools and ensures allele definition and genome build consistency before using any of these tools. The limitation of our tool is that currently, the supported microarrays (primarily Illumina platforms) and genomebuilds of the web version of GACT are not exhaustive (the command-line version has no such limitation; users can convert between any platforms and arrays using the command-line version of GACT). However, we will actively include conversions of other existing allele definitions, e.g., numerical alleles. We will provide continued scientific and technical support, and expand the list of arrays, genome builds, and new modules as new technologies and platforms become available.
Imputation after GACT Conversion
Imputation before combining GWAS datasets is desirable because of 1) increased power for identifying diseaseassociated variants, e.g. by more than 10% as suggested previously [16] ; 2) higher SNP coverage for fine-mapping disease genes; 3) additional rare SNPs and applicability to other variants such as copy number variations or classical leukocyte antigen alleles [6] ; and 4) costand time-efficiency compared with the molecular genotyping or sequencing experiments. Various studies have been carried out to evaluate or identify the factors that might affect imputation quality [12, 17] , including ambiguous, monomorphic, and singleton SNPs. Phasing of singletons is known to be challenging, and imputation becomes faster with no burden in the downstream association tests when singletons are removed from the reference. We found that, additionally, the removal of either ambiguous or monomorphic SNPs alone from the study data prior to phasing and imputation had no detectable effect on imputation. However, the exclusion of monomorphic and singleton SNPs from the reference increased imputation quality, which is in accordance with previous studies [12, 17] . We further found that SNPs with very low MAF (0.001-0.005) showed the most significant increase of the imputation quality compared with the other MAF ranges (Table 2 ). This finding is important, particularly, for the rare variants, which are of increasing interest in the genetic studies of complex diseases and traits.
Balancing between genotype quality and genome coverage is important for imputation. The genotype missing thresholds of 0.05 to 0.02 [17] are generally recommended for quality controls in GWAS. However, no published studies have explicitly evaluated the effects of more conservative missing thresholds (than the commonly-used values) on imputation quality. Our assessments might provide a new perspective on the selection of genotype missing thresholds in imputation. Based on our GWAS data, an approximate number of 600 thousand well-typed SNPs are likely to be sufficient for high quality genomewide imputation of rare SNPs (high quality assayed SNPs may compensate for low true-genotype density). However, further analyses are warranted to replicate the findings in additional arrays. It should be noted that only the data on Figure S5 and Additional file 7: Figure S6 ).
Conclusion
Ignorance of inconsistent allele definitions and genome builds or incorrect conversions lead to incorrect genetic association "findings". In this study, we developed a comprehensive tool, GACT, with both powerful commandline and user-friendly web interface versions to predict, and convert both genome builds and allele definitions between multiple GWAS (or deep sequencing) genotype data, which is required for all imputations and genomewide meta-analyses. GACT will facilitate and ease a broad use of the GWAS data from the dbGaP and other publicly available genotype repositories for large-scale secondary analyses and multi-laboratory collaborations in the genetic association studies of human diseases.
